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increasing and concave in Covid deaths, and that the rate of growth, as well
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11 This paper examines the determinants of Non-Covid excess deaths during the Covid pandemic 
12 between January and June 2020. These are the extra deaths occurring during the pandemic 
13 which are not directly attributable to Covid. While emerging literature examines the 
14 determinants of Covid deaths, few look at non-Covid excess deaths, though early estimates 
15 suggest they are enough to be seen as a pandemic in their own count. We investigate the impact 
16 of factors including Covid deaths and cases, lockdown stringency, economic support and 
17 search intensity for non-Covid conditions on excess deaths, using Fixed Effects and GMM 
18 estimations. We also use quantile regression to assess the differential impacts of the variables 
19 at different stages of the excess death distribution. Firstly, we find that excess deaths are 
20 increasing and concave in Covid deaths, and that the rate of growth, as well as the level, of 
21 Covid deaths has a significant and positive impact. Secondly, we find some evidence that 
22 stringency of lockdown increases excess deaths by a maximum of 16 extra per-million 
23 population. Thirdly, we find a reduction in search intensity for other conditions significantly 
24 increases excess deaths, implying that policy makers should ensure public health messaging 
25 for other conditions during a pandemic.
26 Key Words: COVID-19, Pandemic, Non-COVID-19-Excess Deaths, Test, Stringency
















36 The Covid-19 pandemic is estimated to have killed 976,000 people and cost US$8.8trn 
37 worldwide as of September 2020. While much economic literature, including Desmet and 
38 Wacziarg (2020), McLaren (2020) and Ciminelli and Garcia-Mandico (2020), investigates 
39 reasons for differences in Covid deaths worldwide, less examines the so-called excess non-
40 Covid deaths, or collateral damage of the pandemic, though these are significant. The ONS 
41 argues they numbered 6000 in the UK in March and April alone, occurring as people avoid 
42 healthcare facilities, due to fear of Covid, and as overstretched healthcare facilities delay and 
43 cancel treatment for other conditions. Numbering 19 excess per 100 Covid deaths concurrently 
44 (Forchini et.al.), with more likely following from delayed diagnosis and treatment for other 
45 conditions today, the scale of excess non-Covid deaths is large enough for it to be seen as its 
46 own pandemic.
47 Excess non-Covid deaths (hereafter referred to as excess-deaths) refers to the total week wise 
48 number of deaths above the expected, that are not explained by Covid. 
49 They are defined as:
50 𝐸𝑥𝑐𝑒𝑠𝑠 𝐷𝑒𝑎𝑡ℎ𝑡,2020= [{𝑇𝑜𝑡𝑎𝑙 𝐷𝑒𝑎𝑡ℎ}𝑡,2020 ― {𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑇𝑜𝑡𝑎𝑙 𝐷𝑒𝑎𝑡ℎ}𝑡,2015―2019]-[𝐶𝑜𝑣𝑖𝑑19 𝑑𝑒𝑎𝑡ℎ𝑡,2020]
51 where t is the sample week. 
52 Figure 1: Excess deaths exceed recorded Covid deaths in almost every country: the red line 
53 marks total recorded deaths, the pink shading Covid deaths, while the area in between 




58 Source: The Economist https://www.economist.com/graphic-detail/2020/07/15/tracking-covid-19-excess-deaths-
59 across-countries
60
61 Forchini et. al. (2020) place excess death at 19 per 100 Covid deaths, Docherty et. al. (2020) at 
62 38 for every 92 Covid death, and Vandoros et. al. (2020) at 968 per week in England and Wales. 
63 These papers cannot distinguish direct excess deaths, accounted for underreporting of Covid 
64 on death certificates, from indirect deaths, caused by extra deaths from non-Covid conditions. 
65 However, evidence suggests many are the latter. John Chisholm of the BMA medical ethics’ 
66 committee writes as hospitals become ‘overwhelmed’, difficult decisions must be made about 
67 who receives life-saving treatment. Non-Covid alongside Covid patients are impacted. An 
68 American Cancer society survey indicates 1 in 4 patients have had treatment delayedi, with 
69 similar delays in the UK where 35,000 extra cancer deaths are expected from lack of screening 








71 been rationed, leading sometimes to deathiii. The Office of National Statistics (ONS),UK notes 
72 changes to social care may result in 16,000 excess deaths concurrently, with more following. 
73 Other excess deaths result from patients choosing not to access healthcare, even when 
74 available. One poll finds half of cardiologists report a 40-60% reduction in heart attack 
75 admissionsiv. Since it is unlikely lifestyle changes have led to this large a reduction, patients 
76 are likely delaying coming in due to Covid fears, leading to permanent damage or death. In 
77 March the excess number of heart attack deaths in Austria exceeded the Covid death tollv. Spain 
78 has seen a 40% reduction in treatment for myocardial infarction (MI)vi, and Tam et.al. (2020) 
79 report time from symptom onset to presentation at healthcare facility for ST-segment–elevation 
80 myocardial infarction has increased from 82 to 318 hours in Hong Kong. Moreover, excess 
81 deaths can result from policies managing the pandemic, such as lockdowns. These have caused 
82 GDP to fall 20.4% in the UK and 45% in India, potentially resulting in deprivation and 
83 economic anxiety (Fetzer et.al., 2020), and poor mental health (Browder et.al, 2020). UK 
84 depression has risen from 1 in 10 to 1 in 5, alongside rising domestic abuse deaths and alcohol 
85 abuse.
86 However, excess deaths may be pushed down by reduced pollution and fewer traffic and work 
87 accidents. In South Africa an alcohol ban and fewer road accidents have caused negative 
88 overall excess deaths, while the ONS estimates 3,000 fewer deaths resulting from stringency 
89 measures. ‘Mortality displacement’, occurring when already critically ill patients are killed by 
90 Covid rather than other conditions, can also push excess deaths downwards, as current and 
91 future deaths from these other conditions decrease. Noymer (2000) found that following the 
92 Spanish flu, tuberculosis mortality reduced. There is already some evidence of this: though 
93 long-run cancer deaths are expected to increase from the pandemic, Felix-Cardosa et.al. (2020) 
94 point out that Scottish data shows a reduction in cancer as cause-of-death during the peak, 
95 suggesting some critically ill died of Covid. Spiegelhalter (2020) even suggests that the 
96 reduction in excess non-Covid mortality could fully offset Covid mortality, making overall 
97 excess deaths zero by the end of 2020. 
98 From a policy perspective, knowing the determinants of excess deaths will likely prove vital. 
99 The pandemic is far from over, with excess deaths expected to continue for the next few years, 
100 and Covid deaths still climbing in Latin America and elsewhere. Rainforest destruction is also 
101 creating a ‘perfect storm’ for spread of future pandemics (Gibb et.al., 2020). It is vital to know 
102 the causes of excess deaths, as not only are they numerous during this pandemic, but they may 
103 also occur from the same causes in future pandemics, particularly if similar policy responses 
104 are used. 
105 This paper seeks to find the impact of ‘Covid deaths and cases’, ‘lockdown stringency’, 
106 ‘economic support’, ‘hospital beds’ and ‘search intensity for other conditions’ on excess-
107 deaths. We use similar tools to Desmet and Wacziarg (2020) who assess the correlates of Covid 
108 deaths, applied to the less-researched area of excess-deaths. We first use Pooled OLS. To 
109 correct for endogeneity issues, such as Covid and excess deaths being determined 
110 simultaneously due to measurement error, we extend to Fixed Effects, GMM and IV. The latter 
111 tells us the causal impacts of variables on excess deaths. We also use quantile regression, to 








113 its distribution. We find a significant positive and concave effect of Covid on excess deaths, 
114 while stringency measures increase excess deaths, and search intensity for non-Covid 
115 conditions, such as stroke, reduces them. Our paper is one of the first to investigate excess 
116 deaths in a systematic way, shedding light on their causes, and provides policy 
117 recommendations about how future excess deaths may be reduced. Section 2 reviews the 
118 current literature, section 3 describes the data and methodology, section 4 presents and 
119 discusses the results and section 5 concludes.
120
121 2: Literature review
122 Section 2.1: Literature within the economics discipline
123 A large body of literature assesses causes of Covid mortality during the 2019-20 pandemic. 
124 Desmet and Wacziarg (2020) use a cross-country panel to examine factors affecting US Covid 
125 deaths. They carry out regressions both at the same point in time and at the same point in the 
126 pandemic, finding population, public transportation, nursing home capacity and other factors 
127 significantly affect death toll. Clay, Lewis and Severnini (2020) conduct similar analysis for 
128 Spanish flu. They use differences-in-differences on a sample of 298 US cities, finding poverty, 
129 onset timing and pollution affect deaths. McLaren (2020) regresses US cross-county race on 
130 mortality, then adds controls, finding that most of the racial disparity in Covid deaths is 
131 explained by socioeconomic factors and public transport use. Other studies investigate causal 
132 effects; Ciminelli and Garcia-Mandico (2020a) analyse through difference-in-differences 
133 lockdown’s effect on mortality. None of these studies specifically examines excess deaths.
134 Literature also assesses pandemics’ secondary health and economic impacts, especially 
135 regarding the Spanish flu. Almond (2006) assesses whether in utero exposure affects disability 
136 rates and subsequently excess non-flu deaths. He compares the cohort in utero during late 1918 
137 to the long-run disability rate trend, finding it 20% higher. Much literature has looked at the 
138 economic effects of pandemics, with implications for deprivation. Barro, Ursua and Weng 
139 (2020) run a panel regression of 1918 Spanish flu deaths on GDP and consumption, finding 
140 that it reduced GDP and consumption by 6% and 8% respectively. Basco and Roses (2020) 
141 found a large, negative effect of flu-related deaths on wages, increasing poverty amongst urban 
142 workers. Correia et. al. (2020) find flu had a negative effect on employment and output. These 
143 all indicate separate channels leading to excess non-virus deaths, but to the best of our 
144 knowledge, no economic studies have previously looked at all indirect excess deaths occurring.
145 Section 2.2: Epidemiological literature
146 Epidemiological literature provides more insight into excess deaths. Since cause-of-death data, 
147 revealing the number of deaths from each condition, has mostly not been released, much 
148 literature estimates the scale of excess deaths. Forchini et. al. (2020) calculate excess deaths 
149 across UK regions and age groups by estimating expected deaths through a time series model. 
150 They find 19 excess deaths per 100 Covid, highest among men aged 45-64 and over 75s and in 
151 high Covid death regions. This raises questions that some deaths may be underreported Covid, 






153 Docherty et.al. (2020) quantify the number of excess deaths by calculating expected deaths as 
154 the past three years’ average in five European countries and New York. They further indicate 
155 many are genuinely non-Covid. Scottish cause-of-death data shows 10% of overall excess 
156 deaths are Alzheimers and 7% cardiovascular diseases. The former links to reports of neglect 
157 of the elderly, causing numerous excess deaths in care homes (Heneghan-Jefferson 2020, 
158 Diamantis et.al. 2020). They estimate a greater excess to Covid death ratio, 38 to 92. Vandoros 
159 et.al. (2020) use differences-in-differences to estimate 968 weekly excess deaths in England 
160 and Wales. All papers above suggest some deaths are spillovers from other conditions. Felix-
161 Cardosa et.al. (2020), who use homologue periods to estimate expected deaths, point to the 
162 lack of ARB treatment for MI as one example. 
163 Literature also examines the impact of stringency on excess deaths. Though lockdowns are 
164 likely to contribute to excess deaths by increasing deprivation, causing GDP to fall 20.4% in 
165 the UK and 45% in India, Correia et. al. (2020) contest this. They argue the pandemic itself, 
166 not lockdown, has negative economic impacts. The ONS paper on direct and indirect Covid 
167 deaths estimates lockdown will lead to 3,000 fewer deaths from work and traffic accidents, 
168 alcohol misuse and childhood infectious diseases. However, lockdown negatively impacts 
169 mental health: Browder et. al. (2020) use differences-in-differences and find a severe effect, 
170 which may increase excess mortality. Fetzer et. al. (2020) utilise Google Trends data to find 
171 lockdown increases economic anxiety, which could contribute to excess deaths: as Vandoros 
172 et.al. (2018) show, economic anxiety is linked to short run suicide increases. However, Ding 
173 et.al. (2020) indicate lockdown’s positive impacts. They use Google Trends data to show 
174 interest in exercise has reached an all-time high, its positive health implications balancing out 
175 the negative impacts of increased sedentary activity during lockdown.
176 This paper firstly contributes to the literature by estimating the relationship between excess and 
177 Covid deaths across a much broader range of countries than current literature (England and 
178 Wales, as examined by Forchini, Felix-Cardosa and Vandoros, five European countries of 
179 Docherty et.al.). Secondly it uses econometric tools to discuss the impacts of other variables, 
180 including stringency, search intensity for other conditions, and hospital beds, on excess deaths, 
181 enabling us to provide policy guidance on a topic not explored by much economic literature. 
182 Thirdly we add to the literature on stringency by discussing lockdowns’ impacts on excess 
183 deaths. Fourthly we use quantiles to discuss how variables have different impacts depending 
184 on the level of excess deaths.
185
186 3: Variables, Data and identification strategy  
187 3.1 Variables: 
188 In our analysis, the main dependent variable is “weekly excess deaths” and the main 
189 explanatory variables are “weekly Covid deaths”, “weekly number of cases”, “value of 
190 stringency index”, “economic support index”, Google search results for “myocardial infarction 
191 (MI)” and “stroke”, with a set of country-level controls. A full table of data sources and reasons 
192 for each variable’s inclusion is given in Appendix 1.1. The unit of study is country, hence our 








194 countries for 7-22 weeks, hence are working with an unbalanced panel with n=642 total 
195 observations. 
196 3.2 Data: 
197 Data on excess and Covid deaths and cases are taken per 10,000 to normalise and make them 
198 comparable with other countries. This was chosen over the P-score, as developed by Oxfordvii, 
199 as it was available for a broader range of countries in the Financial Times (FT) dataset and 
200 Human Mortality Database (HMD).
201 Testing data from Our World In Data (OWID) was collected from individual countries’ 
202 databases so was only available for the period in which countries were actively carrying out 
203 testing. As a result, our number of observations with testing included is reduced from 642 to 
204 380. There are potential limitations to both the excess deaths and Covid deaths figures:
205 Cross-country heterogeneity: Covid deaths in the FT dataset and John Hopkins university are 
206 collected from countries’ databases and reflect their individual recording policies. Some 
207 countries require a Covid test before death while others need a doctors’ diagnosis. Some 
208 include all deaths, whereas others such as the UK initially included only those occurring in 
209 hospitals though many occur at home (Howdon-Heneghan, 2020). This introduces a source of 
210 cross-country heterogeneity discussed in subsection 3.3. 
211 Measurement error: In both the FT dataset and countries added from the HMD, excess deaths 
212 are calculated by subtracting Covid deaths from overall excess deaths, introducing 
213 measurement and correlation error. For the same total excess deaths level, an extra registered 
214 Covid death leads to one fewer registered excess non-Covid death, introducing negative 
215 correlation between the two variables. Our coefficient may be downward biased. Covid deaths, 
216 and therefore excess deaths, are also highly correlated with testing policy (Felix-Cardosa et.al.). 
217 Methods used to reduce this problem are discussed in subsection 3.3.
218 Section 3.3: Methodology
219 This paper seeks to estimate the impact of explanatory variables including Covid deaths and 
220 cases, stringency, economic support, search results for ‘MI’ and ‘stroke’, hospital beds and 
221 health spending on excess deaths. In estimating this, there are three main econometric issues 
222 leading to endogeneity. This is when explanatory variables have a non-zero correlation with 
223 the error term, breaking the orthogonality assumption and making their coefficients biased and 
224 inconsistent. These problems must be solved before causal impact can be inferred. 
225 Firstly, omitted variable bias occurs when a third variable is correlated with one or more 
226 explanatory variables and the error term. If omitted, the third variable impacts excess deaths 
227 and the explanatory variable simultaneously, and some of its effect is captured by the 
228 explanatory variable, biasing its coefficient. Omitted relevant variables can be time-invariant, 
229 meaning unchanging within countries over the sample period. Diabetes incidence, for example, 
230 which varies from 10.4% in the US to 4.8% in Sweden, increases both Covid deaths (Apicella 
231 et.al.,2020) and excess deaths, as diabetic episodes untreated due to healthcare system strain 
232 can be fatal. When omitted, some of diabetes’ positive effect on excess deaths is captured by 








234 differences, poverty, inequality and air pollution are other likely sources of omitted variable 
235 bias. Resultingly, explanatory variable coefficient significance may occur due to unobserved 
236 differences between countries rather than causal effect. 
237 Omitted variable bias also results from time-varying factors. A sudden change, such as the 
238 WHO’s declaration of the virus as a pandemic on 11th March, may plausibly have led to both 
239 a reduction in Covid cases and deaths, as governments and the public take the virus more 
240 seriously, and an increase in excess deaths through increased anxiety, as was observed when 
241 the UK entered lockdownviii. Here we expect bias of the Covid coefficient towards zero. 
242 However, the 30-40% nitrogen oxide decrease in UK citiesix likely decreased both Covid and 
243 non-Covid deaths, being a risk factor for Covid (Frontera et.al., 2020, Zhu et.al., 2020, Fattorini 
244 2020) and MI and COPD, biasing the Covid deaths coefficient upwards. Hospital capacity 
245 expansions and care improvements also likely decreased Covid and excess deaths 
246 simultaneously.
247 Measurement error, particularly affecting Covid cases and deaths and excess deaths, can also 
248 cause endogeneity. Due to testing systems’ low coverage, Aspelund et.al.(2020) estimate 80-
249 90% of Icelandic cases are undetected, and this varies between countries. Covid deaths are also 
250 underreported (Hortacsu et.al.,2020, Nishiura 2020). Where measurement error does not affect 
251 the means of variables, this may not bias coefficients. In this case, however, for the same overall 
252 excess deaths, an extra registered Covid death leads to one fewer registered excess death, 
253 introducing negative correlation between the two variables. The Covid coefficient may be 
254 downward biased.
255 Lastly, reverse causality occurs when excess deaths causes changes in explanatory variables 
256 rather than the opposite. This is unlikely: excess non-Covid death figures are not widely known, 
257 and estimates of their scale vary between experts. Forchini et.al. place them at 19 per 100 
258 Covid, Vandoros et.al. at 968 per week. It is unlikely that governments and individuals, whose 
259 choices affect Covid cases, deaths and stringency decisions, base their choices on these little-
260 known figures. Nonetheless it is possible noticeably high excess deaths in some areas change 
261 behaviours, affecting Covid. For all of these reasons, endogeneity is present and particularly 
262 affects the Covid coefficient.
263 Model 1: Pooled OLS
264 Initially to estimate conditional correlation of the explanatory variables on excess deaths, we 
265 carry out Pooled OLS. The model regresses explanatory variables on excess deaths, minimising 
266 the residual sum of squared deviations (RSS) from the mean. The results tell us conditional 
267 correlation, but multiple endogeneity issues prevent causal interpretation:
268 𝐸𝑥𝑐𝑒𝑠𝑠 𝐷𝑒𝑎𝑡ℎ𝑖𝑡= 𝛽1 +  𝛽2𝐶𝑜𝑣𝑖𝑑 𝐷𝑒𝑎𝑡ℎ𝑖𝑡 + 𝛽3 𝐶𝑜𝑣𝑖𝑑 𝐷𝑒𝑎𝑡ℎ 𝑆𝑞𝑢𝑎𝑟𝑒𝑑𝑖𝑡
269 +                                  𝛽4𝐶𝑜𝑣𝑖𝑑 𝑗𝑢𝑚𝑝 + 𝛽5 𝐶𝑎𝑠𝑒𝑠𝑖𝑡 + 𝛽6 𝐶𝑎𝑠𝑒𝑠 𝑆𝑞𝑢𝑎𝑟𝑒𝑑𝑖𝑡
270 +                                 𝛽7 𝑆𝑡𝑟𝑖𝑛𝑔𝑒𝑛𝑐𝑦𝑖𝑡 + 𝛽8 𝑆𝑢𝑝𝑝𝑜𝑟𝑡𝑖𝑡 +𝛽9 𝑀𝑦𝑜𝑐𝑎𝑟𝑑𝑖𝑎𝑙 𝐼𝑛𝑓𝑎𝑟𝑐𝑡𝑖𝑜𝑛𝑖𝑡
271 +                                𝛽10 𝑆𝑡𝑟𝑜𝑘𝑒𝑖𝑡 + 𝛽11 𝑇𝑒𝑠𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛽12 𝐻𝑜𝑠𝑝𝑖𝑡𝑎𝑙 𝐵𝑒𝑑𝑠𝑖𝑡
272 +                                𝛽13 𝐻𝑒𝑎𝑙𝑡ℎ 𝑆𝑝𝑒𝑛𝑑𝑖𝑛𝑔𝑖𝑡 + 𝜀𝑖𝑡








274 Model 2: Fixed Effects
275 The Fixed Effects model is an improvement on Pooled OLS, as it removes endogeneity caused 
276 by time-invariant omitted relevant variables. Cross-country differences which do not change 
277 over time, including prevalence of health conditions, are removed by demeaning, so no longer 
278 cause bias. To prevent the time-invariant variables hospital beds and health spending being 
279 omitted, we interact them with the week dummy:
280 𝐸𝑥𝑐𝑒𝑠𝑠 𝐷𝑒𝑎𝑡ℎ𝑖𝑡= 𝛽1 +  𝛽2𝐶𝑜𝑣𝑖𝑑 𝐷𝑒𝑎𝑡ℎ𝑖𝑡 + 𝛽3 𝐶𝑜𝑣𝑖𝑑 𝐷𝑒𝑎𝑡ℎ 𝑆𝑞𝑢𝑎𝑟𝑒𝑑𝑖𝑡 +                                
281 𝛽4𝐶𝑜𝑣𝑖𝑑 𝑗𝑢𝑚𝑝 + 𝛽5 𝐶𝑎𝑠𝑒𝑠𝑖𝑡 + 𝛽6 𝐶𝑎𝑠𝑒𝑠 𝑆𝑞𝑢𝑎𝑟𝑒𝑑𝑖𝑡 +                                𝛽7 𝑆𝑡𝑟𝑖𝑛𝑔𝑒𝑛𝑐𝑦𝑖𝑡
282 + 𝛽8 𝑆𝑢𝑝𝑝𝑜𝑟𝑡𝑖𝑡 +𝛽9 𝑀𝑦𝑜𝑐𝑎𝑟𝑑𝑖𝑎𝑙 𝐼𝑛𝑓𝑎𝑟𝑐𝑡𝑖𝑜𝑛𝑖𝑡 +                                𝛽10 𝑆𝑡𝑟𝑜𝑘𝑒𝑖𝑡 +
283 𝛽11 𝑇𝑒𝑠𝑡𝑖𝑛𝑔𝑖𝑡 + 𝛽12 𝐻𝑜𝑠𝑝𝑖𝑡𝑎𝑙 𝐵𝑒𝑑𝑠𝑖 ∗ 𝑊𝑒𝑒𝑘𝑡 +                                𝛽13 𝐻𝑒𝑎𝑙𝑡ℎ 𝑆𝑝𝑒𝑛𝑑𝑖𝑛𝑔𝑖
284 ∗  𝑊𝑒𝑒𝑘𝑡 + 𝛼𝑖 + 𝜀𝑖𝑡
285 Here i is country and t is week, and αi is the country fixed effect. We also add interaction terms. 
286 Stringency*cases tests the joint effect of these two variables, which is possible if high cases 
287 affect the attention paid to stringency measures, impacting excess deaths. Stringency*tests is 
288 included, as there may be an interaction effect here. Fetzer et.al. (2020) suggest stringency 
289 itself does not affect Covid or excess deaths, but correlates with testing which impacts them. 
290 We also trial a two-week lag of cases, as these typically take two weeks to get to hospital. If 
291 cases increase excess deaths by overstretching healthcare facilities, we expect lagged cases to 
292 be more significant than concurrent cases. 
293 Although the Fixed Effects model reduces endogeneity problems, it cannot correct for 
294 endogeneity caused by time-varying omitted relevant variables, measurement error and reverse 
295 causality, the former two of which are likely to still be present. Robustness checks must be 
296 used, in the form of GMM and IV.
297
298 Model 3: GMM
299 GMM (Generalised Method of Moments), requiring fewer assumptions than OLS, deals with 
300 endogenous regressors, such as Covid deaths. It also tackles autocorrelation, potentially useful 
301 as excess and Covid deaths follow a strong time trend, and may be determined by their previous 
302 values. GMM uses moment conditions as internal instruments to tackle endogeneity. These 
303 must be relevant (correlated to the endogenous regressor) and valid (uncorrelated with the error 
304 term) (Holtz-Eakin, Newey and Rosen, 1988). In the first stage regression, instruments are 
305 regressed on the endogenous regressor, Covid deaths. If these are relevant, significant p-values 
306 and F-statistic should be produced. In the second, instruments are regressed on the dependent 
307 variable, excess deaths. Since these instruments are uncorrelated with the error term of the 
308 second stage equation, the orthogonality assumption is satisfied and endogeneity removed. The 
309 second stage is then scaled up by the first stage to indicate the effect of Covid deaths on excess 
310 deaths.
311 Difference GMM generates valid and relevant instruments by transforming the regressors 








313 Bond 1991). In our model, the change in Covid deaths is instrumented with the Covid death 
314 level, which is correlated with the Covid death change but uncorrelated with the change in error 
315 term. System GMM uses both the differenced equation with the level as instrument, and the 
316 level equation with the first difference as instrument (Arellano-Bower, Blundell-Bond). Both 
317 methods are carried out. We use the rule of thumb discussed by Bond (2001) to ascertain which 
318 is best. As the Difference GMM coefficient on Covid is close to the fixed effects coefficient, 
319 we conclude it is downwardly biased, so System GMM is chosen, which is also advantageous 
320 in minimising data loss given the unbalanced panel. We further use two-step GMM, increasing 
321 robustness to heteroscedasticity and autocorrelation (Roodman, 2009). All results are reported 
322 in Appendix 1.3.
323 GMM requires that endogenous and exogenous regressors be stated. Covid deaths is treated as 
324 endogenous for reasons argued above. Not all variables can be treated as endogenous as the 
325 number of instruments must be kept small relative to the number of groups (Roodman, 2009). 
326 Overly numerous instruments can overfit the endogenous variables, biasing coefficients 
327 towards OLS results (Roodman 2009; Tauchen 1986; Windmeijer 2005). This is important 
328 given our small number of countries. We argue cases can be treated as exogenous. Policies 
329 affecting excess deaths do not necessarily affect cases simultaneously, as is the case with Covid 
330 deaths. For instance, as of late August, care improvements have contributed to falling Covid 
331 and excess deaths, leading to upward bias of the Covid coefficient, but cases remain highx. 
332 Stringency is also treated as exogenous, as stringency decisions are likely based on Covid cases 
333 and deaths, which are controlled for, rather than excess deaths. 
334 As an additional robustness check, we also use IV, which similarly solves the endogeneity 
335 problem by using instruments for the endogenous regressor Covid deaths. The instruments are 
336 correlated with Covid deaths (relevant) but uncorrelated with the error term (valid). Whereas 
337 GMM uses internal instruments from within the dataset, IV requires that external instruments 
338 are selected. However, we are not reporting the IV results in this paper but if needed we would 
339 be happy to provide this.
340 Model 4: Quantile regression
341 As a further extension, this study aims to find out how the explanatory variables, such as Covid 
342 deaths, stringency, and searches for other conditions, affect excess deaths at different stages of 
343 the excess death distribution. It tells us whether variables including Covid deaths and 
344 stringency have different impacts when excess deaths are high compared to when they are low. 
345 Pooled OLS, Fixed Effects and GMM tell us the effect of the explanatory variables on excess 
346 deaths at its mean value, minimising the residual sum of squared deviations (RSS) from the 
347 mean of the excess death distribution. Quantile regression instead minimises the RSS from the 
348 median. When other percentiles are specified, for instance the 25th, 50th and 75th, quantile 
349 regression divides the distribution into four and minimises the RSS from these. This has two 
350 main advantages over OLS. Firstly, using the median rather than the mean, quantile regression 
351 is less affected by extreme values. Secondly, using percentiles, it tells us the differential effects 
352 of the explanatory variables at different levels of excess deaths. For instance, a larger 








354 increases excess deaths more when excess deaths are already high, during the pandemic’s peak, 
355 than when they are low. We aim not only to find the explanatory variables’ impact, but to see 
356 whether they have the same impact throughout the pandemic, or whether it varies depending 
357 on the excess death level. 
358
359 4: Results and discussion
360 4.1 Exploratory analysis 
361 The next section presents exploratory analysis. Exploratory analysis shows mostly expected 
362 correlations between explanatory variables and excess deaths. Excess deaths peak 
363 simultaneously with Covid deaths, around mid-April. This is interesting, as we expect some to 
364 occur with a lag, such as extra cancer deaths from reduced treatment. This may indicate that 
365 the majority of excess deaths appearing in the figures are people dying straight away from non-
366 Covid conditions normally receiving immediate treatment, such as MI and stroke. 
367 Alternatively, excess deaths appear to occur simultaneously with Covid deaths as some 
368 represent misdiagnosed Covid. 
369 Figure 2: Covid and excess deaths per week.
370 Source: Author’s Calculation 
371 As expected, Covid deaths and cases both correlate with excess deaths. They appear to have a 
372 non-linear relationship, excess deaths plateauing around 100 Covid deaths or 1,000 Covid cases 
373 per million. As observations are pooled, we do not know whether this plateau occurs within 
374 each country or is driven by cross-country differences, i.e. specific countries having high 
375 excess deaths and medium Covid deaths causing this pattern. It motivates us to include squared 
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378 Figure 3: Excess deaths by Covid deaths and cases
379 Source: Author’s Calculation 
380
381 Stringency interestingly correlates positively with excess deaths, as shown in Figure A1. It 
382 lends some initial evidence to the theory that lockdowns increase excess deaths by providing a 
383 barrier to healthcare, worsening mental health and increasing domestic abuse and alcohol 
384 consumption. However, this is only a univariate analysis without controls, so currently we do 
385 not know whether correlation is caused by omitted variables. Notably a high stringency index 
386 results from high Covid cases and deaths, which also increase excess deaths, so the correlation 
387 may be spurious. 
388 A negative correlation between search intensity for ‘stroke’ and excess deaths in Figure A2 
389 shows fewer searches for ‘stroke’ are linked to higher excess deaths, though again we do not 
390 know if an omitted relevant variable, such as presence of Covid, is causing both a reduction in 
391 searches for stroke and increased excess deaths.
392 As shown in Figure A3, hospital beds are also negatively correlated with excess deaths. This 
393 backs up the theory that increasing these reduces the need for healthcare rationing, so other 
394 treatments can continue. Notably as all observations are pooled, we do not know whether this 
395 result is driven by unobserved cross-country heterogeneity. For figures A1-A3 see Appendix 
396 1.2.
397 As all are simply univariate analyses without controls, we cannot derive causal effect. There 
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410 Table 1: Descriptive Statistics 
 Variable  Obs  Mean  Std. Dev.  Min  Max
 Country 645 15.462 8.76 1 30
 Region 645 1.831 1.161 1 5
 Week 645 11.895 6.602 1 25
 Start date 328 21990.488 46.902 21912 22188
 Covid deaths 645 .089 .219 0 1.884
 Excess deaths 645 -.013 .223 -1.22 2.411
 Tests per 10k 382 3.825 4.35 0 31.229
 Tests per positive case 338 78.575 189.491 3.507 2126.449
 Testing index 644 1.022 .883 0 3
 Stringency 644 40.132 34.034 0 96
 Support 643 35.986 37.746 0 100
 cases 645 1.2 2.558 0 23.097
 Myocardial infarction 645 60.414 23.074 0 100
 stroke 645 61.991 20.188 0 100
 Hospital beds 645 4.482 1.843 1.6 8
 Health spending 645 8.972 2.387 5 16.96
 health_system 645 2.067 1.073 1 5
411 Source: Author’s calculation.
412 Table 1 presents some basic summary statistics. The mean Covid deaths is 0.089 per 10,000, 
413 8.9 per million, varying between 0, before the pandemic hit, and 188 per million. Excess deaths 
414 vary more widely between -122 and 241 per million, their mean negative at -12 per million. 
415 This reflects excess deaths being negative for much of the sample period, due to a high January-
416 February expected death figure from bad flu years in 2017,2018 and 2019. Excess deaths have 
417 also sunk below zero around week 18. The average stringency score is 40.13, around mid-
418 stringency, climbing to 96 at its peak, while stroke search varies significantly from 0, minimal 
419 interest, to 100, maximum search intensity. 
420
421 Section 4.2: Confirmatory analysis. 
422 In this section the regression based results are presented and discussed. Table 2 presents Pooled 
423 OLS, Fixed Effects, System GMM and Table 3 Quantile regression. Pooled OLS results 
424 including a full specification are shown in Appendix 1.3. Excess deaths are increasing and 
425 concave in Covid deaths, which is highly significant. The maximum effect of Covid on excess 
426 deaths is 11.5 extra excess deaths for every 100 extra Covid, occurring at 47 excess deaths per 
427 million. This is only slightly lower than Forchini et al.’s estimate of 19 excess deaths for every 
428 100 Covid. It makes sense that extra Covid deaths lead to extra excess deaths. As suggested in 
429 Section 1, a high Covid toll overstretches healthcare facilities so they cannot provide normal 
430 treatment to non-Covid patients, while also discouraging non-Covid patients from seeking 
431 healthcare through fear. Excess deaths are also increasing and concave in Covid cases, 








433 measure of conditional correlation, so we cannot say that Covid deaths are causing excess 
434 deaths. This will be determined through checks in the form of Fixed Effects, GMM. 
435 The concave relationship between Covid and excess deaths is interesting. After 94 excess 
436 deaths per million, Covid deaths no longer increase excess deaths. Possible explanations could 
437 be that hospital delays and cancelled treatments occur only up to a point, beyond which a 
438 minimum level of care ensures excess deaths do not increase further. Patients themselves may 
439 only be discouraged from seeking healthcare up to a point. Alternatively, there is the theory of 
440 ‘harvesting’ or mortality displacement, as discussed by Noymer (2000) in relation to Spanish 
441 flu and Spiegelhalter (2020) in relation to Covid. After a certain number of Covid deaths, which 
442 kill the most ill patients in a society, a healthier population is left, so deaths from other 
443 conditions decrease. Some evidence for this is seen in our descriptive statistics, where excess 
444 becomes negative in week 18, though Covid deaths still occur.
445 Table 2: Determinants of excess death
Explanatory Variables Model 1: POLS Model 2.1: FE-1 |Model 2.2: FE-2 Model 3: GMM
L.Excess 0.4764***
(0.0355)
Covid 0.4516*** 0.5710*** 0.5228*** 0.2409***
(0.0963) (0.1197) (0.1207) (0.0714)
Covid2 -0.4383*** -0.5001*** -0.4824*** -0.2471***
(0.0677) (0.0779) (0.0770) (0.0377)
Covid jump 0.4646*** 0.4667*** 0.4108*** 0.2958***
(0.0512) (0.0510) (0.0513) (0.0329)
cases 0.0325*** 0.0290*** -0.0528** -0.051
(0.0085) (0.0099) (0.0247) (0.0140)
cases2 -0.0012** -0.0012** -0.0013** 0.0017*
(0.0005) (0.00005) (0.0005) (0.0009)
tests_per_10k -0.0047** -0.0043 0.0343*** -0.0100***
(0.0024) (0.0033) (0.0104) (0.0031)
stringency 0.0015*** 0.0006 0.0010* 0.0016***





support -0.0006* -0.0003 -0.0002
(0.0003) (0.0005) (0.0005)
stroke -0.0009** -0.0022** -0.0022** -0.0016***
(0.0004) (0.0006) (0.0006) (0.0002)
Health spending -0.0003** -0.0002 -0.0001 -0.0002
(0.0002) (0.0003) (0.0004) (0.0001)
Constant 0.0020 0.0963** 0.1099** 0.0611***
(0.0353) (0.0476) (0.0472) (0.0233)
Observations 380 380 380 378
R-squared 0.4361 0.4160 0.4512
AR(1) p-value 0.005
AR(2) p-value 0.539








Difference test p-value 0.599
446 Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; For full specification results 
447 see Appendix 1.3
448 Fixed Effects Results Discussion. 
449 Fixed Effects results are more robust than POLS, as it removes bias from time-invariant cross-
450 country differences. Specification (1) includes the variables in the POLS, with (2) adding 
451 further interaction terms, stringency*cases and stringency*tests. Other specifications are 
452 shown in Appendix 1.3. In (1) most coefficients are the same sign and significance as POLS, 
453 showing our results are robust to this specification, with minor changes in magnitude. The only 
454 exception is support, which becomes insignificant, indicating its positive POLS coefficient 
455 may have been caused by unobserved cross-country differences, e.g. high support countries 
456 having lower excess deaths as they also have better social care. Support may therefore have no 
457 significant impact on excess mortality, despite possible positive effects on wellbeing not visible 
458 in mortality statistics. Cases are interestingly more significant contemporaneously than at any 
459 lagged value (Appendix 1.4 Table A5). If cases affected excess deaths by burdening hospitals 
460 and preventing treatment, we expect them to be most significant with a two-week lag, as they 
461 take two weeks to get to hospital. The higher significance contemporaneously implies cases act 
462 through a different mechanism, perhaps increasing fear of going to hospitals, which impacts 
463 excess deaths immediately. This could explain why cases have a smaller effect than deaths, as 
464 figures are less visible and salient to the public so do not cause as much fear.
465 The results are robust to replacing cases and squared cases with log cases, capturing change in 
466 cases, and log cases, capturing rate of change (Appendix 1.4 Table A6). The first is significant 
467 positive and the second significant negative, indicating an increasing and concave relationship 
468 between cases and excess deaths. This specification has two main advantages. It smooths the 
469 influence of large jumps in cases. Large jumps in Covid deaths are less likely to be found as 
470 deaths may be underreported and increases smoothed for political reasonsxi. 
471 GMM Results Discussion.
472 GMM is even more robust than Fixed Effects, correcting for endogeneity from time-varying 
473 omitted relevant variables, measurement error and reverse causality. The Sargen and 
474 Difference-in-Hansen tests, for which the null states that instruments are valid, are not rejected. 
475 Likewise the AR(2) test for serial correlation of the dependent variable is not rejected, 
476 indicating lags can be viably used as instruments. Covid is treated as our endogenous regressor 
477 due to time-varying omitted variable bias and measurement error. If we assume other variables 
478 are exogenous, the coefficients can be interpreted as causal.
479 In the GMM, Covid, stringency, stroke and hospital beds coefficients are of the same sign and 
480 significance as POLS and FE, indicating our results are robust to endogeneity. Excess deaths 
481 is still increasing and concave in Covid deaths, though the maximum effect is smaller, at 6 
482 extra excess deaths for every 100 extra Covid deaths. This implies GMM has removed some 
483 upward bias, including from increases in hospital capacity and care improvements which 
484 impact Covid and excess deaths simultaneously. Stroke has a larger effect in this model. 








486 for stroke leads to 5.6 more excess deaths per million, or 375 extra stroke deaths across the UK 
487 per week, a 25% increase, resulting from Covid concern displacing concern for this other 
488 condition. This links to the findings of Woolf et.al. (2020) who observed a 35% increase in 
489 stroke deaths in the most affected US states. Similar consequences are likely for other non-
490 Covid conditions which can cause immediate death, though they are not tested in this model. 
491 Hospital cause-of-death data when released is likely to shed further light on our conclusions.
492 A major difference from Fixed Effects is that in GMM the coefficient on cases becomes 
493 insignificant and negative. It implies for the same number of Covid deaths, a large number of 
494 cases actually decreases excess deaths. Initially this seems counterintuitive. However, a greater 
495 number of cases for the same death toll implies declining Covid mortality rates. In the third 
496 week of September 2020, we have seen deaths stay level while cases climb, thought to be 
497 caused by younger people catching the virus and care improvingxii. As mortality rates decline, 
498 patients may become less scared of Covid and gain confidence to seek healthcare for their other 
499 conditions, while hospitals may re-expand elective care, both decreasing excess deaths.
500 Quantile Regression Results Discussion
501 The quantile regression results indicate the differential impacts of the explanatory variables at 
502 different stages of the excess death distribution. All regressions include fixed effects, so are 
503 robust to cross-country heterogeneity. Column (1) is at the 10th percentile, (2) the 25th, (3) the 
504 median, (4) the 75th percentile and (5) the 90th. Two interesting insights emerge. Firstly, the 
505 coefficient on Covid deaths becomes increasingly large and significant at higher percentiles of 
506 excess deaths, implying Covid deaths affect excess deaths more as excess deaths increase. The 
507 median excess deaths, -0.028, is likely to occur when Covid deaths are also around their median 
508 of 0.0, as Covid and excess deaths largely move together (Section 4, Figure 2). When excess 
509 and Covid deaths are high, at the 75th and 90th percentiles, Covid deaths has a greater effect on 
510 excess deaths. Our previous models, estimating the impact of Covid on excess deaths at its 
511 mean of -0.13, may have underestimated the impact Covid deaths when they are positive. The 
512 same is true for Covid jump, which has a greater effect as excess deaths increase.
513 By contrast, stringency, which appears to increase excess deaths in the Fixed Effects and GMM 
514 regressions, is only found to be significant at the 25th percentile, with its coefficient decreasing 
515 as we move up the distribution. This suggests stringency only increases excess deaths when 
516 they are low. This is likely when Covid deaths are also low, when the pandemic is less severe. 
517 This has important policy implications. Previous models, showing stringency increases excess 
518 deaths, imply a trade-off between Covid and non-Covid deaths, as suggested by right-wing 
519 news sources including the Daily Mail. However, the quantile regression suggests lockdown 
520 only increases excess deaths at less severe stages of the pandemic, when lockdowns are less 
521 vital. When the pandemic is severe, stringency measures do not increase excess deaths, while 
522 they massively reduce Covid deaths by decreasing R-0; without lockdown, 510,000 UK deaths 
523 were predicted (Ferguson et.al., 2020). Indeed, when the pandemic is severe, lockdowns may 
524 indirectly reduce excess deaths, by reducing Covid deaths and potentially improving the 











529 Table 3: Quantile regression
530
VARIABLES/PERCENTILES 10 25 50 75 90
Covid 0.3615 0.4293* 0.5192*** 0.6130** 0.6776**
(0.3083) (0.2223) (0.1728) (0.2423) (0.3289)
Covid2 -0.4222* -0.4470*** -0.4799*** -0.5143*** -0.5380**
(0.2321) (0.1675) (0.1300) (0.1825) (0.2477)
Covid_jump 0.3284** 0.3622*** 0.4071*** 0.4540*** 0.4863***
(0.1394) (0.1005) (0.0782) (0.1096) (0.1487)
cases -0.0363 -0.0419 -0.0494 -0.0573 -0.0627
(0.0538) (0.0388) (0.0301) (0.0423) (0.0574)
cases2 -0.0006 -0.0009 -0.0013** -0.0017** -0.0020**
(0.0009) (0.0007) (0.0005) (0.0007) (0.0010)
tests_per_10k 0.0346 0.0333** 0.0317** 0.0300* 0.0288
(0.0226) (0.0163) (0.0126) (0.0178) (0.0241)
stringency 0.0023** 0.0017** 0.0009 0.0001 -0.0004
(0.0010) (0.0007) (0.0006) (0.0008) (0.0011)
stringency_cases 0.0008 0.0009* 0.0011*** 0.0013** 0.0015*
(0.0007) (0.0005) (0.0004) (0.0006) (0.0008)
stringency_tests -0.0006* -0.0006** -0.0006*** -0.0005** -0.0005
(0.0003) (0.0002) (0.0002) (0.0003) (0.0004)
stroke -0.0031** -0.0027*** -0.0022*** -0.0016 -0.0012
(0.0014) (0.0010) (0.0008) (0.0011) (0.0014)
health_spending_n -0.0010** -0.0008** -0.0005** -0.0002 -0.0000
(0.0005) (0.0003) (0.0003) (0.0004) (0.0005)
Observations 382 382 382 382 382
531 Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1
532  For full specification, see Appendix. Percentiles are 10th, 25th, 50th, 75th and 90th.
533
534 Section 5: Conclusion
535 This paper has investigated the determinants and causes of excess deaths during the Covid-19 
536 pandemic. It is one of the first to use econometric tools to investigate this subject, which is both 
537 under-researched and vital for creating policies to reduce overall excess mortality, both during 
538 the Covid-19 pandemic and in future pandemics. It has used Pooled OLS, Fixed Effects, and 
539 GMM to find the impacts of Covid deaths, cases and other variables on excess deaths. Firstly, 
540 we consistently find that Covid deaths have an increasing and concave relationship to excess 
541 deaths, whereas cases have a smaller and more ambiguous impact. Secondly, we find that 
542 stringency may have a positive impact on excess deaths, increasing them by up to 16 million 
543 per week, though this only occurs at the lower end of the excess death distribution. Thirdly, we 
544 find that reductions in searches for medical conditions, particularly stroke, are consistently 
545 linked to higher excess deaths. Reduced search intensity for stroke increases excess deaths by 
546 up to 5.6 million per week. We suggest that a causal channel is less awareness and concern 
547 about non-Covid conditions during the pandemic. Fourthly we use quantile analysis to find the 








549 distribution, highlighting that Covid deaths have the greatest result when excess deaths are 
550 high, and stringency when excess deaths are low. 
551 We highlight three key policy implications for the future. Firstly, as we find reduction in search 
552 for stroke is linked to higher excess deaths, we recommend that more public information is 
553 given out about other conditions during a pandemic. Secondly, we find that stringency 
554 increases excess deaths when excess deaths are low. We recommend firstly that further 
555 research into how lockdowns cause excess deaths is carried out, secondly that mitigation 
556 measures against excess deaths are put in place during lockdown, and thirdly that trade-offs of 
557 lockdown are considered. The third recommendation only applies when excess deaths are low, 
558 as during periods of high excess deaths, lockdown has negligible impact while reducing Covid 
559 deaths significantly. Thirdly, as the jump in Covid deaths increases excess deaths, we suggest 
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Appendix 1.1 Data source and reasons for variable inclusion
Variable category Name of the variable Symbol Source of the variable Further information 
Dependent Excess deaths per 10,000 E 19 countries from the Financial Times (FT) Data Repository on GitHub
11 Countries from the Human Mortality Database (HMD), (see Appendix 2 for 
full list)
Explanatory Covid deaths per 10,000 Co John Hopkins University Coronavirus Research Centre
Covid jump John Hopkins University Coronavirus Research Centre Calculated as the current Covid deaths per 1000- two 
weeks ago deaths per 1000. Measures the growth of deaths.
Cases per 10,000 Ca John Hopkins University Coronavirus Research Centre
Stringency Index St Oxford University Blavatnik Institute Index from 0-100.
Captures school and workplace closures, public event 
cancellations, public transport limitations, public gathering 
restrictions and stay-at-home requirements.
Economic support index ES Oxford University Blavatnik Institute Index from 0-100.
Captures income support and debt-contract relief, including 
furlough schemes and wage top-ups
Search intensity for ‘MI’ MI Google Trends 0 indicates minimal search intensity, 100 maximum
Search intensity for 
‘stroke’
Sr Google Trends As above
Control Tests per 10,000 T Our World in Data (OWID)
Number of Hospital Beds 
per 10,000
Hb OWID
Health Spending per 10k Hs OECD, taken for the latest available year, 2019
Alternative 
Control to testing 
Tests per positive case T2 OWID
Testing Index T3 Oxford University Blavatnik Institute Index from (0-3). 0-no system in place ; 1-tests for frontline 
healthcare professionals ; 2-tests for symptomatic members 








Appendix 1.2 Two-way plots
Figure A1: Excess deaths by stringency                           Figure A2: Excess deaths by stroke
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Appendix 1.3 Full specification results
This Appendix presents the full specification results.
Table A1: Pooled OLS
(1) (2) (3) (4)
VARIABLES
Covid 0.1512*** 0.1476*** 0.0216 0.4417***





cases 0.0248*** 0.0236*** 0.0264*** 0.0309***
(0.0035) (0.0035) (0.0041) (0.0091)
cases2 -0.0011**
(0.0005)
Tests per 10k -0.0089*** -0.0047*
(0.0026) (0.0024)
stringency 0.0016*** 0.0016*** 0.0022*** 0.0016***
(0.0003) (0.0003) (0.0005) (0.0004)
support -0.0011*** -0.0012*** -0.0002 -0.0005
(0.0003) (0.0003) (0.0004) (0.0004)
MI 0.0007** 0.0002 0.0001
(0.0003) (0.0005) (0.0004)
stroke -0.0011*** -0.0015*** -0.0009**
(0.0004) (0.0005) (0.0005)
Hospital beds*week -0.0005* -0.0001
(0.0003) (0.0003)
Health spending*week -0.0004** -0.0003**
(0.0002) (0.0002)
Constant -0.0828*** -0.0571** 0.0463 0.0029
(0.0108) (0.0268) (0.0419) (0.0382)
Observations 642 642 380 380
R-squared 0.2437 0.2544 0.2859 0.4366
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Specification (1) includes Covid deaths, cases, stringency and support, (2) further adds search 
intensity for MI and stroke, (3) includes tests per 10k, hospital beds and health spending, and (4) 








Table A2: Fixed Effects
VARIABLES (1) (2) (3) (4) (5)
Covid 0.1954*** 0.1851*** 0.0342 0.5638*** 0.5229***





cases 0.0213*** 0.0214*** 0.0272*** 0.0275*** -0.0525**
(0.0037) (0.0037) (0.0051) (0.0101) (0.0248)
cases2 -0.0012** -0.0013**
(0.0005) (0.0005)
tests_per_10k -0.0081** -0.0044 0.0344***
(0.0037) (0.0033) (0.0105)
stringency 0.0015*** 0.0013*** 0.0014** 0.0005 0.0010*





support -0.0012*** -0.0010*** 0.0006 -0.0002 -0.0001
(0.0004) (0.0004) (0.0006) (0.0006) (0.0005)
myocardial_infarction 0.0002 0.0002 0.0004 0.0004
(0.0005) (0.0007) (0.0006) (0.0006)
stroke -0.0022*** -0.0025*** -0.0022*** -0.0022***
(0.0005) (0.0007) (0.0006) (0.0006)
hospital_beds_n -0.0005 -0.0004 -0.0008
(0.0009) (0.0008) (0.0008)
health_spending_n -0.0008* -0.0001 -0.0001
(0.0004) (0.0004) (0.0004)
Constant -0.0784*** 0.0508 0.1602** 0.0790 0.0911
(0.0105) (0.0444) (0.0642) (0.0575) (0.0560)
Observations 642 642 380 380 380
R-squared 0.2263 0.2475 0.2478 0.4173 0.4518
Number of countries 30 30 30 30 30
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Specification (1) includes Covid deaths, cases, stringency and support, (2) further adds search 
intensity for MI and stroke, (3) includes tests per 10k, hospital beds and health spending, and (4) 









(1) (2) (3) (4)
VARIABLES DIfference System Twostep Twostep robust
L.excess 0.1751 0.3057*** 0.3780*** 0.3780***
(0.1115) (0.0868) (0.0517) (0.1011)
Covid 0.4529 0.3281 0.4221*** 0.4221
(0.2815) (0.2315) (0.0911) (0.2583)
Covid2 -0.2682 -0.2888* -0.3853*** -0.3853*
(0.1695) (0.1623) (0.0622) (0.2268)
Covid_jump 0.3049*** 0.3620*** 0.4855*** 0.4855***
(0.0855) (0.0832) (0.0623) (0.1335)
cases 0.0089 0.0165 0.0005 0.0005
(0.0174) (0.0167) (0.0083) (0.0188)
cases2 0.0004 -0.0003 0.0005 0.0005
(0.0011) (0.0008) (0.0005) (0.0011)
tests_per_10k -0.0022 -0.0064 -0.0067*** -0.0067
(0.0071) (0.0059) (0.0014) (0.0089)
stringency 0.0014 0.0010** 0.0013*** 0.0013*
(0.0009) (0.0004) (0.0003) (0.0007)
stroke -0.0016** -0.0015*** -0.0015*** -0.0015***
(0.0006) (0.0004) (0.0002) (0.0006)
health_spending_n -0.0010* -0.0003 -0.0004*** -0.0004
(0.0005) (0.0002) (0.0001) (0.0004)
Constant 0.0461 0.0665** 0.0665
(0.0332) (0.0297) (0.0661)





























Standard errors in parentheses








Table A4: POLS, FE, RE, GMM, IV and Median Quantile
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
(1) (2) (3) (4) (5) (6)
          VARIABLES POLS FE RE GMM IV Quantile .5
Covid 0.2015* 0.2753** 0.2228* 0.2409*** 1.5206** 0.5209**
(0.1048) (0.1298) (0.1143) (0.0714) (0.7418) (0.2082)
Covid2 -0.1638** -0.1782** -0.1635** -0.2417*** -1.0580** -0.4840***
(0.0686) (0.0781) (0.0716) (0.0377) (0.4361) (0.1558)
Cases 0.0458*** 0.0456*** 0.0461*** -0.0151 -0.0048 -0.0524
(0.0099) (0.0110) (0.0102) (0.0140) (0.0276) (0.0368)
Cases2 -0.0013** -0.0013** -0.0013** 0.0017* -0.0004 -0.0013**
(0.0005) (0.0006) (0.0005) (0.0009) (0.0008) (0.0006)
Stringency 0.0017*** 0.0007 0.0012** 0.0016*** -0.0003 0.0011
(0.0005) (0.0006) (0.0006) (0.0003) (0.0008) (0.0007)
Support -0.0005 0.0001 -0.0003 -0.0001
(0.0004) (0.0006) (0.0005) (0.0007)
Tests per 10k -0.0088*** -0.0079** -0.0089*** -0.0100*** -0.0034 0.0344**
(0.0026) (0.0036) (0.0030) (0.0031) (0.0035) (0.0163)
MI -0.0001 0.0001 0.0001 0.0004
(0.0005) (0.0006) (0.0005) (0.0008)
Stroke -0.0012** -0.0024*** -0.0019*** -0.0016*** -0.0022*** -0.0022**
(0.0005) (0.0007) (0.0006) (0.0002) (0.0007) (0.0009)
Hospital beds -0.0002 -0.0000 -0.0002 -0.0008
(0.0003) (0.0009) (0.0004) (0.0010)
Health spending -0.0004** -0.0007 -0.0004* -0.0002 -0.0004 -0.0001
(0.0002) (0.0004) (0.0002) (0.0001) (0.0003) (0.0005)
L.excess 0.4764***
(0.0355)






Constant 0.0386 0.1488** 0.0898* 0.0611***
(0.0420) (0.0636) (0.0516) (0.0233)
Observations 380 380 380 378 382 380



















Appendix 1.4 Supplementary figures and results
Table A5: Cases is more significant contemporaneously than at a lagged value as we might 
expect. This suggests the channel is more likely to be discouragement from seeking medical 
care than blocking health systems.
Table A5
(1) (2)



























Number of country 30 30
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Regression (1) is Fixed Effects model with explanatory variables Covid, Covid2, Covid 
jump, cases, cases sqaured, tests, stringency, stroke and interaction terms, with 









Table A6: log (cases) and log (log (cases))
We replace cases and cases squared with log (cases) and log (log (cases)). The results 























Number of countries 25
R-squared 0.4201
Standard errors in parentheses








Appendix 2: Further information on Data
Calculation of excess deaths
To obtain overall excess deaths, expected deaths is subtracted from total deaths. Then, to 
calculate excess deaths, we subtract Covid deaths from overall excess deaths. The data was 
collected from the following sources:
For the following countries, data came from the FT dataset on GitHub: Austria, Belgium, 
Chile, Denmark, France, Germany, Iceland, Israel, Italy, Netherlands, Norway, Peru, Portugal, 
South Africa, Spain, Sweden, Switzerland, the UK and the US.
Expected 
deaths 
Total deaths Covid 
Deaths










Total Deaths – Expected 
Deaths
Overall excess deaths – Covid 
deaths
For Bulgaria, Czech Republic, Estonia, Finland, Hungary, Latvia, Lithuania, Luxembourg, 
Poland, Slovenia and Slovakia, excess deaths were calculated as follows:
Expected 
Deaths 
Total deaths Covid 
Deaths













Total Deaths – Expected 
Deaths
Overall excess deaths – Covid 
deaths
FT dataset: provides a weekly panel of data on total deaths, Covid deaths, expected deaths 
and population for nineteen countries from January-June 2020: Austria, Belgium, Chile, 
Denmark, France, Germany, Iceland, Israel, Italy, Netherlands, Norway, Peru, Portugal, 
South Africa, Spain, Sweden, Switzerland, the UK and the US.
Human Mortality database data: provides total daily deaths from European countries from 
2015-2020, added to find total weekly deaths. Expected deaths were calculated as the 
average of mortality in the corresponding week from 2015-19, as calculated by the FT. Used 
to calculate excess deaths for: Bulgaria, Czech Republic, Estonia, Finland, Hungary, Latvia, 
Lithuania, Luxembourg, Poland, Slovenia and Slovakia.
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